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Abstract
Background: Quality of life (QoL) questionnaires are desirable for clinical practice but can be time-consuming to administer
and interpret, making their widespread adoption difficult.
Objective: Our aim was to assess the performance of the World Health Organization Quality of Life (WHOQOL)-100
questionnaire as four item banks to facilitate adaptive testing using simulated computer adaptive tests (CATs) for physical,
psychological, social, and environmental QoL.
Methods: We used data from the UK WHOQOL-100 questionnaire (N=320) to calibrate item banks using item response theory,
which included psychometric assessments of differential item functioning, local dependency, unidimensionality, and reliability.
We simulated CATs to assess the number of items administered before prespecified levels of reliability was met.
Results: The item banks (40 items) all displayed good model fit (P>.01) and were unidimensional (fewer than 5% of t tests
significant), reliable (Person Separation Index>.70), and free from differential item functioning (no significant analysis of variance
interaction) or local dependency (residual correlations < +.20). When matched for reliability, the item banks were between 45%
and 75% shorter than paper-based WHOQOL measures. Across the four domains, a high standard of reliability (alpha>.90) could
be gained with a median of 9 items.
Conclusions: Using CAT, simulated assessments were as reliable as paper-based forms of the WHOQOL with a fraction of the
number of items. These properties suggest that these item banks are suitable for computerized adaptive assessment. These item
banks have the potential for international development using existing alternative language versions of the WHOQOL items.
(J Med Internet Res 2016;18(9):e240)   doi:10.2196/jmir.6053
Introduction
Improving patient-centered care (PCC) is a key strategic priority
for health care systems worldwide due to the increasing burden
of non-communicable chronic disease and ageing populations
[1]. In the United States, the Institute of Medicine enshrines
PCC as one of the six elements of high-quality care [2]. In the
United Kingdom, the National Health Service (NHS) Outcomes
Framework provides a new focus on patient outcomes, rather
than processes of care—a vision grounded in PCC and shared
decision making [3,4]. Improving quality of life (QoL) and
satisfaction with care for patients with chronic conditions is
central to the NHS Outcomes Framework’s objectives [5].
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Increasing priority placed on PCC reflects a longstanding
movement towards patient-centered metrics and away from sole
reliance on disease-centered measures of severity, impact, and
burden [6]. Such patient-centered metrics include satisfaction
[7], activation [8], and subjective QoL [9]. Subjective QoL is
of special interest as it seeks to quantify “an individual’s
perception of their position in life in the context of the culture
and value systems in which they live and in relation to their
goals, expectations, standards and concerns” [9].
Patient-reported outcome measures (PROMs) are measurements
of any aspect of a patient’s health status that come directly from
the patient, usually through a paper-based questionnaire scale
[10,11]. Measures of subjective QoL provide a comprehensive
assessment of the patient’s life encompassing physical,
psychological, social, and environmental factors, which are
rated as useful by clinicians [12]. These measures may alert
clinicians to a patient’s concerns and prompt a discussion
between the two parties about these issues [13,14].
Clinical trials assessing PROM feedback report improvements
in identification of clinical issues, emotional well-being,
patient-centered discussions, and symptom recognition in
pediatric, oncology, and respiratory settings [15-19]. We are
unaware of any published randomized controlled trials that have
used the World Health Organization’s Quality of Life
(WHOQOL) instruments to evaluate the impact of assessment
and feedback on patient outcomes (search strategy published
in [20]). A recent pilot study demonstrated modest benefits of
WHOQOL feedback on psychological QoL alongside positive
comments on the perceived usefulness of sharing this
information with doctors [21,22]. These results indicate some
promise for this developing field.
However, the overall level of evidence for the impact of using
PROs in clinical practice is mixed [11,14]. In mental health
research, the effectiveness of PROM interventions appears to
be mediated by the quality of the feedback [23]. A Cochrane
review is planned to assess the evidence relating to the use of
the PROMs in clinical practice [20].
Despite the potential benefits of PROM administration, their
use is frequently dismissed in many medical settings including
family practice [24], which may be partially attributed to the
impracticality of administering paper-based questionnaires in
a time-pressured environment. Recent research has highlighted
the time- and resource-consuming issues of data storage, dealing
with missing data, and analyzing results as potential barriers to
the uptake of paper-based PROMs [25]. In the research setting,
the length of questionnaires is negatively associated with
response rate [26], indicating a general preference for shorter
assessments, which may be adversely affecting implementation
in tandem with other human, financial, and logistical barriers.
A lack of clear instruction, training, and feedback that is linked
to specific clinical action may also contribute to poor
implementation of PROMs in clinical practice [11].
The increased availability of modern computing technologies
(eg, smartphones and tablets) provides an opportunity to
computerize PROM administration, which has previously been
primarily paper-based. In addition to practical advantages of
not having to score and interpret paper-based questionnaires,
administration using a computer adaptive testing (CAT)
algorithm is a quicker and potentially more relevant and accurate
method of assessing patient reported outcomes [27,28]. The
development of open-source platforms for deploying
cloud-based CATs both on the Internet and within apps [29,30]
allow researchers and clinicians to create and deploy CATs and
presents new opportunities to disrupt traditional forms of PRO
assessment and feedback and to deliver them directly to patients
at scale.
In the United States, the patient-reported outcomes assessment
system (PROMIS) program has developed computer adaptive
tests for fatigue, pain, depression, and health-related QoL among
other things , which are rigorously validated but unfortunately
are currently limited to PROMIS-validated questionnaires only,
which do not include subjective QoL [31].
CAT relies on model parameters derived from psychometrically
calibrated item banks. Item bank information, including item
parameters, is obtained by fitting scale data to item response
theory (IRT) models, of which the Rasch model is a special
case. The Rasch model has been widely used to assist the
development and assess the psychometric properties of QoL
scales [32,33], item banks for computer adaptive tests [34,35],
short-form questionnaires [36,37], and for developing clinically
oriented content-based interpretation tools. The Rasch model
is closely related to other IRT models, but it has stricter
assumptions that can result in concise banks of items devoid of
uninformative or unnecessary items and that may yield the
highest standard of measurement, including specific objectivity
[38-40]. IRT affords some advantages over “classical test”
methodologies. Most significantly, IRT models allow PROMs
to be accurately administered using any number or combination
of items from the original scale. This allows CAT algorithms
to select the most relevant and informative items for the test
taker [41].
We hypothesize that the application of item response theory
and computer adaptive testing algorithms to QoL scale data will
improve precision (ie, reliability) and efficiency (ie, the number
of items needed to be administered). These improvements will
be driven by the removal of unnecessary items during the
calibration of the item bank using IRT and the “intelligent”
administration of items using CAT algorithms. The study used
items from the WHOQOL’s 100-item measure to create four
item banks to measure QoL in physical, psychological, social,
and environmental domains and to test the performance of these
item banks using simulated CAT.
Methods
Population
We conducted the current analysis on data collected from 320
people living in the United Kingdom [9]. The population
consisted of 162 females (51%), 260 “sick” people (balanced
across International Classification of Diseases-10 categories
I-XVIII), and a mean age of 44 years (SD 17). Detailed
descriptions of the sample may be found elsewhere [9]. English
is the development language of the WHOQOL measures, which
are all designed to be internationally relevant, but there is some
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evidence that differential item functioning (DIF) between
different countries exists for many items within the
WHOQOL-100 [32]. We, therefore, chose to create item banks
that will be psychometrically accurate for use in the United
Kingdom in the first instance.
Measures
WHOQOL-100
The WHOQOL-100 is a generic 100-item measure of subjective
QoL designed for use across a spectrum of populations,
including sick and well people. The original scale is scored as
25 facets representing six domains of quality of life (physical,
psychological, emotional, social, independence, and spiritual)
[42,43]. Other versions of the WHOQOL, including the
WHOQOL-BREF, include the same facets to represent four
domains of QoL (physical, psychological, environmental, social)
[6,44]. Four items in the WHOQOL-100 represent general QoL
and overall health. High scores in each domain (recoded for
negatively worded items) indicate a better QoL than lower scores
in the same domain. Respondents judge their quality of life over
the previous 2 weeks. The international WHOQOL-100, as well
as the UK national instrument, show excellent psychometric
qualities of internal consistency, reliability, and construct
validity [9,42,43]. In our research, the domains and facets of
the WHOQOL-100 were arranged to mirror the four-dimension
structure of the popular WHOQOL-BREF measure [6]. This
structure has been empirically supported using structural
equation modeling [42] and will facilitate comparisons between
the new item banks and the large body of research that has
employed the shorter four-dimensional measure.
Previous studies have applied data from the WHOQOL
instruments to IRT resulting in both unidimensional and
multidimensional solutions [32,45,46]. These studies uncovered
issues relating to category threshold ordering, DIF between
countries, and item redundancy (see Multimedia Appendix 1).
Analysis
Item Response Theory
We assessed the advanced psychometric criteria and estimated
item bank parameters by fitting scale data to the Partial Credit
Model (PCM), a polytomous extension of the Rasch model
suitable for Likert-type data [47]. Scalability and monotonicity
were assessed using Mokken analysis before the more rigorous
tests of PCM assumptions. Both the Mokken and Rasch models
can be seen as probabilistic extensions of the deterministic
Guttman scaling model. The probabilistic version is better suited
to psychological constructs and real-world data [48]. Mokken
analysis is done prior to Rasch analysis to ensure that the scale
structure is consistent with the Rasch model (ie, item response
probabilities increase monotonically in line with the level of
the underlying trait). The combination of the two methodologies
in this order is recommended and has been shown to be useful
in previous research conducted by members of our group
[37,49]. Where scale data did not fit either the Mokken or the
PCM, an iterative process of scale improvement was undertaken
by removing items that violated the assumptions of either model.
The iterative process involved stepwise assessments of
scalability (indicated by a Loevinger’s Ho value >.3), category
threshold ordering, item fit to the PCM (chi-square P>.010), fit
residuals (fit residuals within ±2.5), local dependency (residual
correlations <.10), and DIF (no significant analysis of variance
interactions by demographic group). Items that violated any of
the above assumptions were individually removed, and the
remaining items were reanalyzed. Disordered thresholds were
collapsed for adjacent categories, while ensuring anchor
semantics remained logical (ie, “Agree” would not be collapsed
into “Neither Agree nor Disagree”). This process was repeated
until no items failed to meet the assumptions of the PCM:
presented category disordering, misfit to the model, high fit
residuals, local dependency, or DIF. Unidimensionality and
overall model fit was assessed once issues with items breaching
the above assumptions had been resolved. Further details of the
IRT analyses are given in Multimedia Appendix 1.
Computer Adaptive Testing
CAT is a process whereby items from an item bank are
automatically chosen and administered one-by-one, based on
an algorithm that attempts to choose items that will maximize
the information gained about the test taker. While CATs may
be of any length, they are usually governed by a “stopping rule.”
Estimations of person location on the underlying continuum
(their level of QoL, in this context) are recalculated depending
on previous item responses, and the item that has the greatest
information function (IF) at the reestimated level of theta is then
administered. This estimation process continues until the
stopping rule is met. Stopping rules may demand that a
questionnaire is finished once a certain number of items have
been administered, or the test has been going on for a predefined
amount of time, or until a level of measurement precision has
been achieved. Measurement precision is defined using the
standard error (SE) of measurement. SE is inversely related to
(and thus comparable with) marginal reliability such that
reliability=1 – SE2, where the standard deviation of the
distribution is equal to 1.
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Figure 1. Disordered and reordered thresholds for item F9.3 “How much do any difficulties in mobility bother you?” (F9.3 has been rescored from
1-2-3-4-5 to 1-2-3-3-4 to account for the disordered category thresholds 3 and 4).
Simulation
We used the R-based CAT simulation engine Firestar [50] to
simulate CATs in this study. The first item that the CAT
administered for each domain was the item with the greatest
information at the distribution mean. The IRT scaling constant
was set to 1.7 [51]. We conducted 1000 iterations of the CAT
with data simulated using distribution of person location (theta)
values based on PCM estimations from the current dataset
[47,52].
For this study, we defined three stopping rules for the CAT
simulations based on standard errors equivalent to reliability
values of .70, .80, and .90 (SE=.55, .45 and .32, respectively).
These values were picked because they represent the minimum
value for group measurement (.70) and the minimum value for
individual-level measurement (.90), as well as a value in
between [53]. Comparative analysis was facilitated by running
a second set of simulations with stopping rules based on the
published reliability values of the paper-based versions of the
WHQOL-100 and the WHOQOL-BREF [6,54]. For example,
where the published reliability for the Psychological QoL
domain was .82, we set the stopping rule standard error to .42
(which is equivalent to alpha=.82) and compared the mean
number of items administered before the stopping rule was met,
with the number of items in the paper-based questionnaire.
Firestar uses a Bayesian expected a posteriori theta estimator
and the maximum posterior weighted information (MPWI) item
selection criterion. The MPWI selects items based on the IF
weighted by the posterior distribution of trait/phenomena values
[55]. This criterion has been shown to provide excellent
measurement information for CAT using polytomous items.
Software
Analyses were conducted using Rasch Unidimensional
Measurement Models 2030 [56] and the R Statistical Computing
Environment [57] with the “mokken” and “ltm” packages
installed [58-60]. Rasch analysis was conducted solely using
RUMM, and “ltm” was used to draw Figure 1. Computer
adaptive testing simulation was conducted using the FIRESTAR
code generator for R [50].
Results
The 100 items of the WHOQOL-100 were arranged into four
subscales, reflecting the factor structure of the shorter
WHOQOL-BREF measure [42,54].
Domain One: Physical Quality of Life
Mokken analysis confirmed the initial scalability of all 28 items
in the physical QoL subscale. All items returned a Ho value
>.30 indicating acceptable scalability (see Multimedia Appendix
1 for the details of items removed from the scale).
Following Mokken analysis, the 28 items were fitted to the PCM
to evaluate their advanced psychometric properties. Initial fit
to the Rasch model was poor (see Table 1, Physical Initial). A
number of items displayed disordered threshold and were
rescored (see Figure 1 for an example of disordered and ordered
thresholds). Misfit was apparently driven by 14 items that
displayed high fit residuals (≥ ±1.4) and six locally dependent
items, resulting in the removal of a total of 17 items. Details of
the items removed from each domain may be found in
Multimedia Appendix 2.
The final Physical QoL item bank consisted of 11 items, with
excellent fit to the PCM and high reliability (see Table 1,
analysis Physical Final). The scale was free from DIF and local
dependency and was unidimensional (final item fit statistics,
scoring, and threshold locations are shown in Multimedia
Appendix 3). The item bank was well targeted, with fewer than
1.2% extreme scores.
Domain Two: Psychological Quality of Life
Mokken analysis indicated the removal of six items from
Psychological facets on “Thinking” (1 item), “Self-esteem” (2
items), and “Spiritual” (3 items) domain, which did not scale
appropriately (Ho <.30) with the rest of the items in the scale.
Following removal of the six items, the remaining 18 items did
not fit the PCM (χ2216=474.6, P<.001; see Table 1, analysis
Psychological Initial). A number of items required rescoring to
account for disordered thresholds. Misfit was driven by three
items with high positive fit residuals and three items displaying
local dependency (see Multimedia Appendix 1). Following
removal of these items, the final scale showed excellent fit to
the Rasch model, including excellent reliability, targeting,
unidimensionality, and an absence of DIF or local dependency
(see Table 1, Psychological Final).
Domain Three: Social Quality of Life
Mokken analysis confirmed the scalability of the 12 items (Ho
>.30; see Multimedia Appendix 1) but these 12 items did not
fit the PCM (χ2106=143.49, P<.001; see Table 1, analysis Social
Initial). A number of items were rescored to resolve issues
caused by disordered thresholds. Misfit was driven by four
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locally dependent items (14.2, 15.1, 14.3, and 15.2; see
Multimedia Appendix 1). Following removal of these items,
the final 8-item scale fit the Rasch model (χ272=88.37, P=.09;
see Table 1, analysis Social Final) including the absence of DIF
or local dependency and excellent reliability, and
unidimensionality. The Social QoL item bank was also
exceptionally well targeted, with only 3 respondents falling
outside the measurable range of the scale (0.94%).
Domain Four: Environmental Quality of Life
Mokken analysis indicated the removal of 16 items from the
32-item Environmental QoL scale (Loevinger’s Ho <0.3; see
Multimedia Appendix 1). The remaining 16 items did not fit
the PCM (χ2144=191.23, P<.001). The iterative item removal
and rescoring procedure led to a reduction of seven items that
breached the assumption of local dependency (see Multimedia
Appendix 1). The final scale has an excellent fit to the Rasch
model (χ281=65.11, P=.90) including good reliability, excellent
scale targeting, and acceptable dimensionality (see Table 1,
Environmental Final).
Table 1 displays overall summaries for the initial and final
analyses performed to validate each item bank. None of the item
banks showed immediate fit to the Rasch model without
modification.
Table 1. Summary Rasch fit statistics and psychometric criteria for all subscales.
t test 95% CI
% of t tests
significant
Extremes,
%Reliability
Chi square
Person residu-
alItem residual
Items
nAnalysis IDa Pdfχ2SDMeanSDMean
15.62-24.38300.91<.01171388.51.71-.282.7.5328InitialPhysical
2.13-6.614.51.56.890.461081091.42-.371.2.3211Final
18.21-27.4922.850.91<.01216474.61.91-.292.6.6724InitialPsychological
4.35-10.017.180.90.52135133.61.52-.351.3.3114Final
13.36-21.817.580.87<.01106143.51.36-.342.3912InitialSocial
5.67-11.898.78.94.81.097288.371.05-.381.5-.038Final
5.73-11.998.860.88<.01144191.21.54-.391.3.3016InitialEnvironmental
4.61-10.397.50.80.908165.111.18-.320.9.389Final
<5%<5%< 10%>0.85>0.01>1.40>1.40 Ideal values
a“Initial” refers to preanalysis values, “Final” to the final version.
Table 2. Summary of computer adaptive testing (CAT) simulation (1000 iterations).
Correlation between CAT θ and com-
plete test θ
ReliabilityMean
SE
Range of items
used
Number of items
used
Stopping rule,
SE(θ)
Domain QoL
SDMean
10.90.328-111.2210.01<.32Physical 
0.990.820.433-60.844.23<.45
0.980.730.522-30.52.46<.55
10.90.327-1229.8<.32Psychological 
0.980.820.423-60.944.5<.45
0.960.730.524-60.454.32<.55
10.870.365-81.067.3<.32Social
0.990.820.423-81.714.32<.45
0.970.750.52-40.72.44<.55
10.890.346-91.257.96<.32Environmental
0.980.820.432-71.393.61<.45
0.970.770.482-40.482.34<.55
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Table 3. Comparison of paper-based World Health Organization Quality of Life (WHOQOL) measures and the computer adaptive testing (CAT)
simulations of the item banks.
CAT simulationStopping
rule
Original scale informationDomainScale
Actual SEItems administered, medianReliability-
matched SE
Reliability,
alpha
Items, n
0.4240.420.827PhysicalWHOQOL-
BREF
0.4240.440.816Psychological
0.520.550.683Social
0.4330.450.88Environmental
0.3670.370.8616PhysicalWHOQOL-
100a 0.4240.420.8220Psychological
0.520.520.7312Social
0.3850.390.8532Environmental
aIndependence and spirituality domains omitted.
Computer Adaptive Testing Simulations
The results of the initial computer adaptive testing (CAT)
simulation are displayed in Table 2. Predefined stopping rules
based on different SE values were used to assess the number of
items that the CAT needed to administer to reach a given level
of reliability. Despite the relatively small item banks, acceptable
reliability was gained with a mean of four items across all
administrations (alpha>.70) and a high standard of reliability
(alpha>.90) could be gained with a mean of 9 items (alpha>.90).
The results of the CAT simulation for each item bank are
presented in Table 3. Stopping rules based on SE values yielded
tests of varying lengths. The reduced item versions correlated
strongly with the full-length item banks.
A second reliability-matched simulation (where the stopping
rule of the simulation was matched to the reliability of the
published measures [6,54]) shows that the item banks can
produce a measurement that is as reliable as the
WHOQOL-BREF and the WHOQOL-100 using 43% and 75%
fewer items, respectively.
Discussion
Principal Findings
We calibrated four item banks that measure physical,
psychological, social, and environmental QoL. Simulated
computer-adaptive administration of the item banks
demonstrates their ability to create accurate measurements that
are both significantly shorter and often more reliable than
paper-based alternatives.
In this study, the decision was made to evaluate an item bank
on a sample collected in the United Kingdom. This sample was
chosen to avoid issues of differential item functioning that has
had a significant impact on previous studies using multinational
data [32], and with the aim of providing an item bank that could
be used to inform a CAT suitable for use within clinical practice.
While this study plainly demonstrates the advantages of IRT
and CATs in terms of their reliability and efficiency, these
techniques can also improve the quality of clinical PROMs by
other means. The ability of the algorithms to select the most
relevant items based on a patient’s previous responses may also
provide utility in clinical measurement. Targeting in this manner
not only makes assessments more relevant but also prevents
patients from being asked to complete items that may be
distressing or redundant. For example, a person at an early stage
of a progressive disease may become distressed or concerned
by completing items that assess symptoms they may experience
in many later stages of the disease. A correctly calibrated item
bank and CAT administration system could create accurate
measurement for such patients without the need to present items
that were not relevant to their level of functional impairment.
The results of this study are in line with findings from prior
investigations of item bank performance, most notably and
recently from the PROMIS group, insofar as CAT produced
measurement estimates that were more precise, efficient, and
flexible than paper-based tests for other constructs including
fatigue and functional status (eg, [61-63]). To our knowledge,
this study represents the first time that simulations of generic
QoL item banks have been tested in this manner, though a recent
study has developed an item bank suitable for assessing
emotional functioning in cancer [64].
Previous studies that have applied WHOQOL scale data IRT
models have employed different approaches. Studies using
WHOQOL-100 data and the Rasch model have evaluated the
suitability of an “index” solution, which assesses QoL as a single
unidimensional, rather than multidimensional, construct. In
these studies, the strict assumptions of the Rasch model led to
the removal of a similar number of items, though they were not
the same items that we removed from this study. Issues of DIF
were also evident [32]. Other IRT analyses reported elsewhere
have often presented caveats such as poor reliability or unclear
dimensionality for one or more of the subscales, especially on
analysis using the shorter WHOQOL-BREF (eg, [33,45]).
One notable advantage of the methods employed in the current
analysis of the larger initial item banks (eg, using the
WHOQOL-100 items arranged into the WHOQOL-BREF
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format) led to acceptable measurement across all four domains
of the WHOQOL measure and obtaining excellent measurement
properties with each. It must be noted that the Social QoL
domain displayed unidimensionality that was slightly above the
recommended threshold (5.67%, rather than 5%) for strict
unidimensionality.
Multi-item questionnaires measuring health outcomes are still
widely used in clinical trials [65] and epidemiological research
[66]. Due to the wide variance in the type and function of
PROMs, it is no small task to develop recommendations for
how often they should be recalibrated using contemporary data.
Happily, the increased use of IRT and adaptive testing, rather
than classical test theory, means that is possible to engage in a
process of iterative calibration, and the addition of new items
to an item bank while collecting data for other purposes. This
practice of pretesting is common in educational testing, where
items must be frequently changed to reduce cheating [67,68].
The cross-cultural development of the original WHOQOL
instruments suggests good potential for the development of
culturally sensitive item banks and CATs. Further analyses to
the one presented here provided preliminary evidence on the
use of the WHOQOL item banks for use in different cultures
(eg, [69,70]).
From a technical perspective, there is clear potential to develop
the IRT methods employed in this study further and to apply
these data to a multidimensional item response theory (MIRT)
model [71]. An MIRT solution using the bi-factor model could
take account of the shared variance between items in the four
domains to simultaneously produce a summary score for global
QOL alongside the scores for the individual domains [49].
Sample size restrictions precluded such an analysis being
conducted in our study. We must note that while such a bi-factor
MIRT analysis would be cutting edge regarding its methodology,
some work is yet to be done to demonstrate the clinical relevance
and interpretability of MIRT questionnaires and adaptive tests,
though multidimensional computer adaptive tests are beginning
to emerge [72].
This study naturally provides the foundations for future work
to develop and evaluate a CAT system than can deliver these
item banks to clinical populations and to assess the performance
of the item banks under “live” testing conditions, rather than
use simulations. The recent development of free-to-use and
open source CAT platforms, such as Concerto [29] opens the
possibility for the widespread use of computer-assisted
psychometrics in clinical research and practice. Additionally,
the adoption of the WHOQOL questionnaire offers the
availability of 15 different language-translated versions of the
questionnaire items, increasing the feasibility of international
assessment of QoL using CATs [29,70].
Conclusion
We have presented functional item banks that are capable of
producing high-quality measurement across four domains of
QoL using fewer items than equivalent paper-based measures.
These item banks outperform the paper-based versions of the
WHOQOL both in terms of reliability, length, and the flexibility
in which they may be administered. The computer adaptive tests
based on the WHOQOL would be suitable across a range of
medical specialities, and hence particularly useful in primary
care as an aid to understanding and quantifying the quality of
life across diverse biopsychosocial domains.
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IRT: item response theory
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PROMS: patient-reported outcome measures
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SE: standard error
WHO: World Health Organization
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WHOQOL BREF: World Health Organization Brief questionnaire
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